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to observe and learn patterns of behavior in video data. Cer-
tain embodiments may be configured to learn patterns of
behavior consistent with a person loitering and generate alerts
for same. Upon receiving information of a foreground object
remaining in a scene over a threshold period of time, a loiter-
ing detection module evaluates the whether the object trajec-
tory corresponds to a random walk. Upon determining that
the trajectory does correspond, the loitering detection module
generates a loitering alert.
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FIG. 5
MAP OF COMMON LOITERING REGIONS
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LOITERING DETECTION IN A VIDEO
SURVEILLANCE SYSTEM

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims priority to U.S. provisional appli-
cation having Ser. No. 61/611,284, filed on Mar. 15, 2012.

BACKGROUND

1. Field of the Invention

Embodiments presented herein disclose a loitering detec-
tion module for a behavioral recognition-based video surveil-
lance system. More specifically, embodiments relate to tech-
niques for detecting loitering behavior of an observed object
within a series of video frames.

2. Description of the Related Art

Some currently available video surveillance systems pro-
vide simple object recognition capabilities. For example, a
video surveillance system may be configured to classify a
group of pixels (referred to as a “blob”) in a given frame as
being a particular object (e.g., a person or vehicle). Once
identified, a “blob” may be tracked from frame-to-frame in
order to follow the “blob” moving through the scene over
time, e.g., a person walking across the field of vision of a
video surveillance camera. Further, such systems may be
configured to determine when an object has engaged in cer-
tain predefined behaviors. For example, the system may
include definitions used to recognize the occurrence of a
number of predefined events, e.g., the system may evaluate
the appearance of an object classified as depicting a car (a
vehicle-appear event) coming to a stop over a number of
frames (a vehicle-stop event). Thereafter, a new foreground
object may appear and be classified as a person (a person-
appear event) and the person then walks out of frame (a
person-disappear event). Further, the system may be able to
recognize the combination of the first two events as a “park-
ing-event.”

However, such surveillance systems typically require that
the objects and/or behaviors which may be recognized by the
system be defined in advance. Thus, in practice, these systems
rely on predefined definitions for objects and/or behaviors to
evaluate a video sequence. Unless the underlying system
includes a description for a particular object or behavior, the
system is generally incapable of recognizing that behavior (or
at least instances of the pattern describing the particular
object or behavior). More generally, such systems rely on
predefined rules and static patterns and are thus often unable
to dynamically identify objects, events, behaviors, or pat-
terns, much less even classify them as either normal or
anomalous. Further, such rules-based systems are often
unable to identify related anomalies from different patterns of
observed behavior, such as loitering behavior of an object
within a series of video frames. Loitering detection is a dif-
ficult problem for these systems because there are many ways
and no set path for an object to loiter. Thus, currently available
video surveillance systems have limited usefulness.

SUMMARY

Embodiments of the invention relate to techniques for
detecting loitering behavior of objects depicted in a scene
captured by a video camera. This method may generally
include receiving a trajectory for an object in the scene that
has been in the scene for a time period. The trajectory tracks
a two-dimensional path of the object relative to a series of
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video frames in which the object is depicted. This method
may also include generating a loitering alert upon determin-
ing that the time period the object has been in the scene is
greater than a threshold time period and that the trajectory of
the object corresponds to a random walk.

Additionally, determining whether the object trajectory
corresponds to a random walk may be evaluated as D<V2N,
where D is a distance from a starting point in the trajectory to
a final point in the trajectory and N is a total number of steps
in the trajectory. Alternatively, determining whether the
object trajectory corresponds to a random walk may comprise
calculating an estimated loitering score from a global and
local loitering score and comparing the estimated loitering
score with a threshold loitering score. If the estimated loiter-
ing score is greater than the threshold loitering score, then the
trajectory corresponds to a random walk.

Other embodiments include, without limitation, a com-
puter-readable medium that includes instructions that enable
a processing unit to implement one or more aspects of the
disclosed methods as well as a system having a processor,
memory, and application programs configured to implement
one or more aspects of the disclosed methods.

BRIEF DESCRIPTION OF THE DRAWINGS

So that the manner in which the above recited features,
advantages, and objects of the present invention are attained
and can be understood in detail, a more particular description,
briefly summarized above, may be had by reference to the
embodiments illustrated in the appended drawings.

It is to be noted, however, that the appended drawings
illustrate only typical embodiments of this invention and are
therefore not to be considered limiting of its scope, for the
disclosure may admit to other equally effective embodiments.

FIG. 1 illustrates components of a video analysis and
behavioral recognition system, according to one embodi-
ment.

FIG. 2 further illustrates components of the video analysis
system shown in FIG. 1, according to one embodiment.

FIG. 3 illustrates a method for detecting loitering behavior
of an object in a scene, as captured by a sequence of video
frames, according to one embodiment.

FIG. 4 illustrates a method detecting loitering behavior of
an object in a scene, as captured by a sequence of video
frames, according to one embodiment.

FIG. 5 illustrates an example map of common loitering
regions within a scene, according to one embodiment.

FIG. 6 illustrates two example trajectories made by an
individual, according to one embodiment.

FIG. 7 illustrates a histogram of learning model data that
represents a distribution of how long observed objects stay in
a camera scene, according to one embodiment.

DETAILED DESCRIPTION

Embodiments of the present invention provide techniques
for analyzing an acquired stream of video frames to learn
patterns of behavior consistent with loitering behavior. Once
loitering behavior is observed (with some measure of confi-
dence), a behavioral recognition-based video surveillance
system may generate alerts indicating that a person (or some
other object) is loitering within a scene captured by a video
camera. Objects depicted in the stream are determined based
on an analysis of the video frames.

A behavioral recognition system may be configured to
learn, identify, and recognize patterns of behavior by observ-
ing a sequence of individual frames, otherwise known as a
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video stream. Unlike a rules-based video surveillance system,
which contains predefined patterns of what to identify, the
behavioral recognition system disclosed herein learns pat-
terns by generalizing input and building memories of what is
observed. Over time, the behavioral recognition system uses
these memories to distinguish between normal and anoma-
lous behavior within the field of view captured within a video
stream. Generally this field of view is referred to as the
“scene.”

In one embodiment, the behavioral recognition system
includes a computer vision engine and a machine learning
engine. The computer vision engine may be configured to
process a scene, generate information streams of observed
activity, and then pass the streams to the machine learning
engine. In turn, the machine learning engine may be config-
ured to learn object behaviors in that scene. In addition to
learning-based behavior, a machine learning engine may be
configured to build models of certain behaviors within a scene
and determine whether observations indicate that the behav-
ior of an object is anomalous, relative to the model.

In one embodiment, the machine learning engine may
include a loitering detection module. This module may be
configured to determine whether an object exhibits loitering
behavior within a scene and whether to generate an alert for
the behavior. To do this, the machine learning engine evalu-
ates the trajectory of an object that remains in a scene past a
threshold period of time. The value for this threshold period
may be set as amatter of preference (e.g., three minutes) or set
relative to a distribution of how long objects remain in the
scene. Such an object remaining in the scene past the thresh-
old time then becomes a candidate for evaluation by the
loitering detection module. The loitering detection module
determines whether the object’s activity corresponds to nor-
mal loitering activity or to activity that is not loitering. If the
activity is neither, then the loitering detection module returns
a loitering alert to the machine learning engine, which may
report that alert to a user interface.

In some cases, the loitering detection module should not
generate a loitering alert, even if an observed object remains
in a scene for a long period of time. Accordingly, the machine
learning engine may be configured to recognize normal loi-
tering activity, i.e., loitering activity which should not result
in an alert. For example, the machine learning engine may
determine that an individual waiting for abus at a terminal has
remained in the scene for an extended period of time, but
because it is normal for an individual to wait for a bus for a
certain amount of time, the machine learning engine should
not generate an alert. In one embodiment, the machine learn-
ing engine addresses this by creating a map of regions within
a scene where an object may remain in the scene for an
extended period. For example, consider the example of a
hotel lobby. A video camera focused on a hotel lobby may, on
a regular basis, record individuals standing by the lobby
elevator waiting for the doors to open or exiting from an
elevator. Such a camera may also capture people seated on the
lobby furniture for a period of time. In response, the machine
learning engine may identify regions in the hotel lobby where
individuals loiter. Further, the machine learning engine may
learn how long they loiter, and so when individuals remain in
those areas within a certain period of time, the machine learn-
ing engine does not generate a loitering alert for this behavior.
Tolerances for how close an object should be within the area
for the machine learning engine to recognize normal loitering
activity may be set as a matter of preference.

In one embodiment, the loitering detection module may
evaluate whether the individual is engaged in loitering behav-
ior by comparing the individual’s trajectory to random walk
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trajectory. As is known, a random walk generally refers to a
trajectory consisting of successive steps in a random direc-
tion. Generally, if an individual moves N steps, then after the
Nith step this individual will have traveled, on average, 2N
steps away from the starting position. The theoretical base for
applying a two-dimensional random walk model to loitering
behavior lies in an established mathematical theorem that
states that in a two-dimensional space, a randomly walking
subject returns to its original point infinitely often. For
example, a scene may identify an individual leaving a subway
train and remaining within the camera’s field of view for a
period of time. In such a case, the video could depict the
individual not making a directed set of movements to leave or
board a train. In this example, the loitering detection module
may determine that the individual is engaged in a random
walk based on his trajectory, or more specifically, whether the
steps the individual has taken over the final distance from the
original point. Alternatively, the loitering detection module
may also use a sliding window approach, e.g., the steps the
individual has taken over the final distance from a point in the
trajectory.

The loitering detection module may determine whether an
object is engaged in a random walk by building a discrete
random walk model for each observed object, based on object
positions and movement sizes, and then evaluating the
object’s trajectory against the model. In one embodiment, this
evaluation can be binary, where the trajectory is determined to
be an example of a random walk. In another embodiment, it
can also be determined as a measure of how strongly the
trajectory matches a random walk pattern, i.e., the more
closely a trajectory resembles a random walk pattern, the
more likely the trajectory corresponds to a random walk.

In one embodiment, the loitering detection module evalu-
ates an observed object trajectory using both a global per-
spective and a local perspective before determining whether
an object is loitering. The global perspective evaluates the
complete trajectory of the object from the point it first
appeared in the scene. In contrast, the local perspective evalu-
ates the last N steps of the object’s trajectory. This approach
ensures that the loitering detection module does not generate
a loitering alert in cases where the initial trajectory of an
observed object strongly correlates to a random walk, but the
most recent observations do not. Likewise, in one embodi-
ment, the loitering detection module does not generate a
loitering alert for an individual unless the individual is in a
loitering state under both global and local perspectives.
Returning to the subway platform example, an individual
could leave a train but instead of leaving waits for a period of
time to meet another person arriving on a different train. In
such a case, the individual’s trajectory may exhibit a random
walk in the global perspective, but may not in the local per-
spective.

In the following, reference is made to embodiments of the
invention. However, it should be understood that the inven-
tion is not limited to any specifically described embodiment.
Instead, any combination of the following features and ele-
ments, whether related to different embodiments or not, is
contemplated to implement and practice what is disclosed.
Furthermore, in various embodiments the present invention
provides numerous advantages over the prior art. However,
although embodiments may achieve advantages over other
possible solutions and/or over the prior art, whether or not a
particular advantage is achieved by a given embodiment is not
limiting. Thus, the following aspects, features, embodiments
and advantages are merely illustrative and are not considered
elements or limitations of the appended claims except where
explicitly recited in a claim(s). Likewise, any reference to
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“the invention” or “the disclosure” shall not be construed as a
generalization of any inventive subject matter disclosed
herein and shall not be considered to be an element or limi-
tation of the appended claims except where explicitly recited
in a claim(s).

One embodiment of the present invention is implemented
as a program product for use with a computer system. The
program(s) of the program product defines functions of the
embodiments (including the methods described herein) and
can be contained on a variety of computer-readable storage
media. Examples of computer-readable storage media
include (i) non-writable storage media (e.g., read-only
memory devices within a computer such as CD-ROM or
DVD-ROM disks readable by an optical media drive) on
which information is permanently stored; (ii) writable storage
media (e.g., floppy disks within a diskette drive or hard-disk
drive) on which alterable information is stored. Such com-
puter-readable storage media, when carrying computer-read-
able instructions that direct the functions ofthe present inven-
tion, are embodiments of the present invention. Other
examples media include communications media through
which information is conveyed to a computer, such as through
a computer or telephone network, including wireless commu-
nications networks.

In general, the routines executed to implement the embodi-
ments of the present invention may be part of an operating
system or a specific application, component, program, mod-
ule, object, or sequence of instructions. The computer pro-
gram of the present invention is comprised typically of a
multitude of instructions that will be translated by the native
computer into a machine-readable format and hence execut-
able instructions. Also, programs are comprised of variables
and data structures that either reside locally to the program or
are found in memory or on storage devices. In addition,
various programs described herein may be identified based
upon the application for which they are implemented in a
specific embodiment of the disclosure. However, it should be
appreciated that any particular program nomenclature that
follows is used merely for convenience, and thus the inven-
tion should not be limited to use solely in any specific appli-
cation identified and/or implied by such nomenclature.

In the following, reference is made to people or individuals
loitering in a scene. Such reference merely illustrates an
example of a foreground object capable of being detected by
the behavioral recognition system. Of course, one skilled in
the art can recognize that the approaches for determining
whether an object is loitering is not limited to people but may
apply to other types of objects. For instance, these techniques
may also be used to evaluate whether an automobile in a
parking lot is in a loitering state. Further, in the following,
reference is made to calculating random walk distances using
an expected distance approach (i.e., a person is likely to be
engaged in a random walk if the total distance traveled is less
than the distanced traveled in V2N steps, where N is the total
number of steps taken). Such reference is provided for sim-
plicity, and in practice, the loitering score approach, also
disclosed in the following, may better scrutinize loitering
behavior that warrants attention.

FIG. 1 illustrates components of a video analysis and
behavioral recognition system 100, according to one embodi-
ment of the present invention. As shown, the behavioral rec-
ognition system 100 includes a video input source 105, a
network 110, a computer system 115, and input and output
devices 118 (e.g., a monitor, a keyboard, a mouse, a printer,
and the like). The network 110 may transmit video data
recorded by the video input 105 to the computer system 115.
Tustratively, the computer system 115 includes a CPU 120,
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storage 125 (e.g., adisk drive, optical disk drive, and the like),
and a memory 130 containing both a computer vision engine
135 and a machine learning engine 140. As described in
greater detail below, the computer vision engine 135 and the
machine learning engine 140 may provide software applica-
tions configured to analyze a sequence of video frames pro-
vided by the video input 105.

Network 110 receives video data (e.g., video stream(s),
video images, or the like) from the video input source 105.
The video input source 105 may be a video camera, a VCR,
DVR, DVD, computer, web-cam device, or the like. For
example, the video input source 105 may be a stationary
video camera aimed at a certain area (e.g., a subway station,
a parking lot, a building entry/exit, etc.), which records the
events taking place therein. Generally, the area within the
camera’s field of view is referred to as the scene. The video
input source 105 may be configured to record the scene as a
sequence of individual video frames at a specified frame-rate
(e.g., 24 frames per second), where each frame includes a
fixed number of pixels (e.g., 320x240). Each pixel of each
frame may specify a color value (e.g., an RGB value) or
grayscale value (e.g., a radiance value between 0-255). Fur-
ther, the video stream may be formatted using known such
formats e.g., MPEG2, MIPEG, MPEG4, H.263, H.264, and
the like.

As noted above, the computer vision engine 135 may be
configured to analyze this raw information to identify active
objects in the video stream, identify a variety of appearance
and kinematic features used by a machine learning engine
140 to derive object classifications, derive a variety of meta-
data regarding the actions and interactions of such objects,
and supply this information to the machine learning engine
140. And in turn, the machine learning engine 140 may be
configured to evaluate, observe, learn and remember details
regarding events (and types of events) that transpire within
the scene over time.

In one embodiment, the machine learning engine 140
receives the video frames and the data generated by the com-
puter vision engine 135. The machine learning engine 140
may be configured to analyze the received data, cluster
objects having similar visual and/or kinematic features, build
semantic representations of events depicted in the video
frames. Over time, the machine learning engine 140 learns
expected patterns of behavior for objects that map to a given
cluster. Thus, over time, the machine learning engine learns
from these observed patterns to identify normal and/or abnor-
mal events. That is, rather than having patterns, objects,
object types, or activities defined in advance, the machine
learning engine 140 builds its own model of what different
object types have been observed (e.g., based on clusters of
kinematic and/or appearance features) as well as a model of
expected behavior for a given object type. Thereafter, the
machine learning engine can decide whether the behavior of
an observed event is anomalous or not based on prior learn-
ing.

Data describing whether a normal/abnormal behavior/
event has been determined and/or what such behavior/eventis
may be provided to output devices 118 to issue alerts, for
example, an alert message presented on a GUI interface
screen.

In general, the computer vision engine 135 and the
machine learning engine 140 both process video data in real-
time. However, time scales for processing information by the
computer vision engine 135 and the machine learning engine
140 may differ. For example, in one embodiment, the com-
puter vision engine 135 processes the received video data
frame-by-frame, while the machine learning engine 140 pro-
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cesses data every N-frames. In other words, while the com-
puter vision engine 135 may analyze each frame in real-time
to derive a set of kinematic and appearance data related to
objects observed in the frame, the machine learning engine
140 is not constrained by the real-time frame rate of the video
input.

Note, however, FIG. 1 illustrates merely one possible
arrangement of the behavior recognition system 100. For
example, although the video input source 105 is shown con-
nected to the computer system 115 via the network 110, the
network 110 is not always present or needed (e.g., the video
input source 105 may be directly connected to the computer
system 115). Further, various components and modules of the
behavior recognition system 100 may be implemented in
other systems. For example, in one embodiment, the com-
puter vision engine 135 may be implemented as a part of a
video input device (e.g., as a firmware component wired
directly into a video camera). In such a case, the output of the
video camera may be provided to the machine learning engine
140 for analysis. Similarly, the output from the computer
vision engine 135 and machine learning engine 140 may be
supplied over computer network 110 to other computer sys-
tems. For example, the computer vision engine 135 and
machine learning engine 140 may be installed on a server
system and configured to process video from multiple input
sources (i.e., from multiple cameras). In such a case, a client
application 250 running on another computer system may
request (or receive) the results of over network 110.

FIG. 2 further illustrates components of the computer
vision engine 135 and the machine learning engine 140 first
illustrated in FIG. 1, according to one embodiment of the
invention. As shown, the computer vision engine 135
includes a data ingestor 205, a detector 210, a tracker 215, a
context event generator 220, an alert generator 225, and an
event bus 230. Collectively, the components 205, 210, 215,
and 220 provide a pipeline for processing an incoming
sequence of video frames supplied by the video input source
105 (indicated by the solid arrows linking the components).
In one embodiment, the components 210, 215, and 220 may
each provide a software module configured to provide the
functions described herein. Of course, one of ordinary skill in
the art will recognize that the components 205, 210, 215, and
220 may be combined (or further subdivided) to suit the needs
of a particular case and further that additional components
may be added (or some may be removed) from a video sur-
veillance system.

In one embodiment, the data ingestor 205 receives raw
video input from the video input source 105. The data
ingestor 205 may be configured to preprocess the input data
before sending it to the detector 210. For example, the data
ingestor 205 may be configured to separate each frame of
video provided into a stationary or static part (the scene
background) and a collection of volatile parts (the scene
foreground). The frame itself may include a two-dimensional
array of pixel values for multiple channels (e.g., RGB chan-
nels for color video or grayscale channel or radiance channel
for black and white video). In one embodiment, the detector
210 may model background states for each pixel using an
adaptive resonance theory (ART) network. That is, each pixel
may be classified as depicting scene foreground or scene
background using an ART network modeling that pixel. Of
course, other approaches to distinguish between scene fore-
ground and background may be used.

Additionally, the detector 210 may be configured to gen-
erate a mask used to identify which pixels of the scene are
classified as depicting foreground and, conversely, which pix-
els are classified as depicting scene background. The detector
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210 then identifies regions of the scene that contain a portion
of scene foreground (referred to as a foreground “blob” or
“patch”) and supplies this information to subsequent stages of
the pipeline. Additionally, pixels classified as depicting scene
background may be used to generate a background image
modeling the scene.

In one embodiment, the detector 210 may be configured to
detect the flow of a scene. For example, once the foreground
patches have been separated, the detector 210 examines, from
frame-to-frame, any edges and corners of all foreground
patches. The detector 210 identifies foreground patches mov-
ing in a similar flow of motion as most likely belonging to a
single object or a single association of motions. As the detec-
tor 210 identifies foreground objects, it sends this information
to the tracker 215.

The tracker 215 may receive the foreground patches pro-
duced by the detector 210 and generate computational models
for the patches. For example, the tracker 215 may be config-
ured to use this information, and each successive frame of
raw-video, to attempt to track the motion of, for example, a
person depicted by a given foreground patch as it moves about
the scene. That is, the tracker 215 provides continuity to other
elements of the computer vision engine 135 by tracking the
person from frame-to-frame. The tracker 215 may also cal-
culate a variety of kinematic and/or appearance features of a
foreground object, e.g., size, height, width, and area (in pix-
els), reflectivity, shininess rigidity, speed velocity, etc.

The context event generator 220 may receive the output
from other stages of the pipeline. Using this information, the
context processor 220 may be configured to generate a stream
of context events regarding objects tracked (by tracker com-
ponent 210). For example, the context event generator 220
may package a stream of micro feature vectors and kinematic
observations of an object and output this to the machine
learning engine 140, e.g., a rate of 5 Hz. In one embodiment,
the context events are packaged as a trajectory. As used
herein, a trajectory generally refers to a vector packaging the
kinematic data of a particular foreground object in successive
frames or samples. Each element in the trajectory represents
the kinematic data captured for that object at a particular point
in time. Typically, a complete trajectory includes the kine-
matic data obtained when, for example, a person is first
observed in a frame of video along with each successive
observation up to when the person leaves the scene (or
becomes stationary to the point of dissolving into the frame
background). Accordingly, assuming computer vision engine
135 is operating at a rate of 5 Hz, a trajectory for an object is
updated every 200 milliseconds, until complete. The context
event generator 220 may also calculate and package the
appearance data of every person by evaluating various
appearance attributes such as shape, width, and other physical
features and assigning each attribute a numerical score.

The computer vision engine 135 may take the output from
the components 205, 210, 215, and 220 describing the
motions and actions of each tracked person in the scene and
supply this information to the machine learning engine 140
through the event bus 230. [1lustratively, the machine learning
engine 140 includes a classifier 235, a mapper 240, a semantic
module 245, and a cognitive module 250.

The classifier 235 receives context events such as kine-
matic data and appearance data from the computer vision
engine 135 and maps the data on a neural network. In one
embodiment, the neural network is a combination of a self-
organizing map (SOM) and an ART network, shown in FIG.
2 as component 236. The data is clustered and combined by
features occurring repeatedly in association with each other.
Then, the classifier 235 defines types of objects based on
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these recurring features. For example, although the machine
learning engine does not recognize a person, per se, the clas-
sifier 235 may nonetheless build a classification model cor-
responding to people based on common microfeatures shared
by people in the SOM-ART network 236. These defined types
then propagate throughout the rest of the system, e.g., the
loitering detection module may evaluate people using the
classification model built by classifier 235.

The mapper 240 may search for spatial and temporal cor-
relations and behaviors across the system for foreground
patches to create maps of where and when events are likely or
unlikely to happen. In one embodiment, the mapper 240
includes a temporal memory ART network 241, a spatial
memory ART network 242, and statistical engines 243. For
example, the mapper 240 may look for patches corresponding
to a person. The spatial memory ART network 242 uses the
statistical engines 243 to create statistical data of people, such
as of their locations and movements. The mapper 240 then
builds a neural network of this information, which becomes a
memory template against which to compare behaviors. The
temporal memory ART network 241 uses the statistical
engines 243 to create statistical data based on samplings of
time slices. In one embodiment, initial sampling occurs at
every thirty minute interval. If many events occur within a
time slice, then the time resolution may be dynamically
changed to a finer resolution. Conversely, if fewer events
occur within a time slice, then the time resolution may be
dynamically changed to a coarser resolution.

In one embodiment, the semantic module 245 includes a
phase space partitioning component 246 and an anomaly
detection component 247. The anomaly detection component
includes aloitering detection module 248. The semantic mod-
ule 245 identifies patterns of motion or trajectories within a
scene and analyzes the scene for anomalous behavior through
generalization. After tessellating the scene and dividing the
foreground patches into many different tessera, the semantic
module 245 traces a person’s trajectory and learns patterns
from the trajectory. The semantic module 245 analyzes these
patterns and compares them with other patterns. Further, as a
person enters a scene, the phase space partitioning component
246 maps the person’s features and the person’s trajectories
onto an adaptive grid. As more features and trajectories are
populated onto the grid, the machine learning engine learns
trajectories that are common to the scene.

The loitering detection module 248 detects loitering
behavior by evaluating a person’s trajectory and the length of
time that the person is in the scene. If a person’s trajectory
corresponds to arandom walk, and if the person is in the scene
over a threshold period of time, then the loitering detection
module generates a loitering anomaly, which is sent to the
alert generator 225. The alert generator 225 may publish a
loitering alert to the user.

In one embodiment, the loitering detection module 248
further may be configured to include a learning model. The
learning model maintains a count of individuals passing
through a scene and time values of how long each individual
remains in the scene. By recording the occurrence of an object
in a scene and updating model parameters with this informa-
tion, the learning model effectively stores spatio-temporal
statistics for setting time thresholds. In one embodiment, the
learning model creates an empirical statistical model (e.g., a
histogram) based on this information. The loitering detection
module 248 may use this empirical model to set time thresh-
olds for loitering behavior.

In one embodiment, the cognitive module 250 includes a
perceptual memory 251, an episode memory 252, a long term
memory 253, a workspace 254, and codelets 255. Generally,
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the workspace 254 provides a computational engine for the
machine learning engine 140. For example, the workspace
240 may be configured to copy information from the percep-
tual memory 251, retrieve relevant memories from the epi-
sodic memory 252 and the long-term memory 253, select
which codelets 255 to execute. In one embodiment, each
codelet 255 is a software program configured to evaluate
different sequences of events and to determine how one
sequence may follow (or otherwise relate to) another (e.g., a
finite state machine). More generally, the codelet may provide
a software module configured to detect interesting patterns
from the streams of data fed to the machine learning engine.
In turn, the codelet 255 may create, retrieve, reinforce, or
modify memories in the episodic memory 252 and the long-
term memory 253. By repeatedly scheduling codelets 255 for
execution, copying memories and percepts to/from the work-
space 240, the machine learning engine 140 performs a cog-
nitive cycle used to observe, and learn, about patterns of
behavior that occur within the scene.

In one embodiment, the perceptual memory 251, the epi-
sodic memory 252, and the long-term memory 253 are used to
identify patterns of behavior, evaluate events that transpire in
the scene, and encode and store observations. Generally, the
perceptual memory 251 receives the output of the computer
vision engine 135 (e.g., a stream of context events). The
episodic memory 252 stores data representing observed
events with details related to a particular episode, e.g., infor-
mation describing time and space details related on an event.
That is, the episodic memory 252 may encode specific details
of a particular event, i.e., “what and where” something
occurred within a scene, such as a particular vehicle (car A)
moved to a location believed to be a parking space (parking
space 5) at 9:43 AM.

In contrast, the long-term memory 253 may store data
generalizing events observed in the scene. To continue with
the example of a vehicle parking, the long-term memory 253
may encode information capturing observations and gener-
alizations learned by an analysis of the behavior of objects in
the scene such as “vehicles tend to park in a particular place in
the scene,” “when parking vehicles tend to move a certain
speed,” and “after a vehicle parks, people tend to appear in the
scene proximate to the vehicle,” etc. Thus, the long-term
memory 253 stores observations about what happens within a
scene with much of the particular episodic details stripped
away. In this way, when a new event occurs, memories from
the episodic memory 252 and the long-term memory 253 may
be used to relate and understand a current event, i.e., the new
event may be compared with past experience, leading to both
reinforcement, decay, and adjustments to the information
stored in the long-term memory 253, over time. In a particular
embodiment, the long-term memory 253 may be imple-
mented as an ART network and a sparse-distributed memory
data structure. Importantly, however, this approach does not
require the different object type classifications to be defined
in advance.

In one embodiment, each module of the machine learning
engine 140 includes an anomaly detection component, as
depicted by components 237, 244, 247, and 256. Each
anomaly detection component is configured to identify
anomalous behavior, relative to past observations of the
scene. Generally, if any anomaly detection component iden-
tifies anomalous behavior, the component generates an alert.
For instance, anomaly detection component 247 in the
semantic module 245 detects unusual trajectories using
learned patterns and models. If a person exhibits loitering
behavior, for example, anomaly detection component 247
evaluates the person’s trajectory using loitering models and
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subsequently generates an alert. If any anomaly detection
component reports anomalous behavior, the machine learn-
ing engine sends an alert to event bus 230, which sends this
alert to the alert generator 225. In one embodiment, the alert
generator 225 resides in the computer vision engine 135. The
alert generator 225 receives alert information from the
anomaly detection components 237, 244, 247, and 256. The
alert generator 225 publishes alert information to the GUI/
client device 260.

FIG. 3 illustrates a method for loitering detection using a
behavioral recognition-based surveillance system, according
to one embodiment. As shown, the method begins at step 300
with the behavioral recognition system observing a scene. At
step 305, the computer vision engine generates information
on what is observed. For instance, the computer vision engine
may generate information on the kinematic and appearance
features of each person. At step 310, it sends that information
to the machine learning engine.

At step 315, the machine learning engine determines
whether an object is a candidate for being assigned a loitering
status. If not, then the method returns to step 300. Otherwise,
at step 320, the machine learning engine determines whether
the person is engaged in non-anomalous activity, that is, activ-
ity learned by the machine learning engine to be a normal
occurrence. If so, then the machine learning engine updates
the loitering detection module’s learning model with infor-
mation of the occurrence (e.g., how long the person is in the
scene). If not, the machine learning engine sends the identifier
and data of the observed object (i.e., the person) to the loiter-
ing detection module.

At step 330, the machine learning engine runs the loitering
detection module. The loitering detection module determines
whether the person is in a loitering state based on if the person
is engaged in a random walk. In one embodiment, the loiter-
ing detection module does this by evaluating whether the
individual has traveled a distance of less than the distance
traveled in V2N steps from the starting position in the trajec-
tory. In another embodiment, the loitering detection module
does this by evaluating the likelihood that the distance trav-
eled by the person is less than the distance in a two-dimen-
sional random walk model based on the person’s trajectory. If
the loitering detection module does not report loitering
behavior, then the machine learning engine updates the learn-
ing model with information of the occurrence (step 325). If
the loitering detection module does report loitering behavior,
then the machine learning engine determines whether the
loitering activity should be considered non-anomalous activ-
ity (step 340). This occurs when the machine learning engine
processes a recurring loitering pattern a sufficient amount of
times to disregard it as a loitering anomaly. If it does, then the
machine learning engine updates the learning model (step
325). However, if it does not, then the machine learning
engine generates an alert (step 345).

FIG. 4 illustrates a method for detecting loitering activity,
according to one embodiment. As shown, the method begins
at step 400, where the module receives an identifier and data
of a person (i.e., a type classification of a group of pixels
representing a model of a person) in a scene. At step 405, the
loitering detection module determines whether the person has
been in the scene over a threshold period of time. In one
embodiment, the threshold time value may be set as a matter
of preference (e.g., three minutes). Alternatively, the thresh-
old time may be set relative to a distribution in the learning
model ofthe loitering detection module ot how long observed
individuals remain in the scene. If the person has not been
observed for a period exceeding the threshold, then, at step
410, the loitering detection module determines whether the
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person has exited the scene. If so, at step 415, the loitering
detection module updates the learning model with informa-
tion (e.g., such as how long the person was in the scene).
Otherwise, the loitering detection module returns to step 400
to continue tracking the person.

However, if the person has remained in the scene past the
threshold time period, then at step 420, the loitering detection
module compares the trajectory of the person to a discrete
random walk model trajectory. In one embodiment, the loi-
tering detection module builds a discrete random walk model
for the person based on the person’s positions and movement
sizes throughout the scene. More specifically, the loitering
detection module uses the last actual position of the person as
a reference point and computes all the distances from previ-
ous positions to the reference point. The loitering detection
module evaluates the person’s trajectory against the random
walk model. The loitering detection module compares these
distances with the distances estimated by the random walk
model. This comparison determines whether the person is
engaged in a random walk (at least based on the model), e.g.,
the person has not traveled a distance greater than V2N steps.

In another embodiment, the loitering detection module
performs step 420 by estimating loitering scores for the per-
son’s trajectory and comparing them against a threshold loi-
tering score. A loitering score is the probability that the mov-
ing distance of the person to a reference point is shorter than
adistance in the discrete random walk model generated based
on the person’s trajectory. In one embodiment, the threshold
loitering score is a preset value. The loitering detection mod-
ule calculates a loitering score by comparing the person’s
actual position in each frame to the statistics of the random
walk model. This model can be expressed as the full distri-
bution of probabilities over distances in the scene. If the
average estimated loitering score is greater than the threshold
loitering score, then the person is engaged in a random walk.
In one embodiment, the loitering score is calculated for the
person’s trajectory in both global and local perspectives. The
final loitering score of the person’s trajectory is computed by
averaging the global loitering score and N local loitering
scores, where N can be a number up to the total number of
steps taken in the trajectory.

At step 425, the loitering detection module determines
whether the person’s trajectory corresponds to arandom walk
trajectory. If so, then the module reports loitering behavior to
the machine learning engine (step 430). The machine learning
engine may then determine whether to publish the alert to the
user interface.

FIG. 5 illustrates an example of common loitering regions
in a scene, according to one embodiment. As previously dis-
closed, the machine learning engine may create a map iden-
tifying where people commonly loiter with a scene. Doing so
aids the loitering detection module to distinguish between
normal and anomalous loitering activity. This example of
FIG. 5 shows a scene of a hotel lobby captured by a video
camera, where common loitering regions are represented by
crosshatches. If a person remains in any common loitering
region longer than a threshold period of time, the machine
learning engine may conclude that the object is engaged in
normal activity instead of loitering. However, the machine
learning engine may also conclude that the object is engaged
in loitering behavior if the object stays uncommonly long. In
such a case, the loitering detection module’s learning model
may determine a threshold time period for loitering behavior
in a common loitering region. Further, in one embodiment,
tolerances may be set for how closely the object must be
within the region for the machine learning engine to recog-
nize normal loitering activity. For example, on one hand, low
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tolerances may be suitable for a system overlooking a hotel
lobby such as the one depicted, but on the other hand, it may
be less suitable for a location that requires higher security.

FIG. 6 illustrates two example trajectories made by an
individual: an example trajectory 600 and an example trajec-
tory 645, according to one embodiment. Example trajectory
600 is a depiction of a random walk trajectory. As shown, the
example trajectory includes a starting position 605, an ending
position 610, and a path 615. In this figure, steps in the scene
are represented by circles along path 615, where each step in
the path takes place over one frame. In the behavioral recog-
nition system, a person’s steps in a trajectory are determined
relative to distances between pixels in video frames tracked
by the centroid position of an object. Likewise, the distance
between each step is also determined relative to the distance
between pixels in video frames.

In one embodiment, a person who is loitering is less likely
to travel a distance of more than V2N steps, where N is the
total number of steps taken in the scene. Accordingly, in one
embodiment, to determine whether an individual’s trajectory
corresponds to a random walk, the loitering detection module
may calculate the total steps N the individual has taken and
enter this value into an formula such as D=V2N, where D
represents the distance the individual would have traveled if
the individual were not engaged in a random walk. If the
actual distance that the individual has traveled falls below this
value, i.e., D<V2N, the loitering detection module may deter-
mine that the individual is engaged in a random walk. The
loitering detection module uses the ending position 610 as a
reference point and computes all distances from previous
positions to the reference point. As such, the distance between
the starting position 605 and ending position 610 (represented
by a dotted line) is depicted as a short distance, despite many
steps taken along the path 615. Thus, a loitering detection
module may determine that this trajectory highly corresponds
to a random walk.

Trajectory 645 is an example trajectory examined in a
global perspective and a local perspective. A trajectory has a
global starting position 620, a local starting position 625, an
ending position 630, a global path 635, and a local path 640.
Individual steps are represented by circles, where each step in
the path takes place over one frame. The local perspective is
represented by the dotted bounding box inside within trajec-
tory 645, and the global perspective is represented by the
entirety of trajectory 645. Illustratively, the global perspec-
tive includes all steps taken by the individual since entering
the scene in global path 635, whereas the local perspective
only includes the most recent steps taken, as shown in local
path 640. In one embodiment, if the mathematical represen-
tation of a random walk trajectory in a global perspective (i.e.,
the complete trajectory) is D<v2N, then the mathematical
representation of a random walk trajectory in the local per-
spective is D'<V2NT, where D' is the distance traveled between
an local starting position 625 and ending position 630, and N'
is the total number of steps taken in local path 640. Although
the initial trajectory of the individual highly corresponds to a
random walk (with the distance between starting point 620
and ending point 630 being relatively short given the number
of total steps taken), the local perspective shows that the
individual is making directed steps towards exiting the scene.
Thus, the loitering detection module, in evaluating the trajec-
tory, may determine that the individual is not in a loitering
state in the local perspective.

In another embodiment, the loitering detection module
may determine whether a person is engaged in a random walk
by estimating a loitering score for the person’s trajectory and
comparing the score against a threshold score determined by
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a random walk model based on the person’s trajectory. The
loitering score measures the probability that the distance of
the person’s trajectory is shorter than the model random walk
trajectory. To calculate an estimated loitering score, the loi-
tering detection module uses ending position 630 as a refer-
ence point calculates a global loitering score from global
starting position 620 to ending position 630. Further, the
loitering detection module calculates one or more local loi-
tering scores from any position in the trajectory to ending
position 630. Thereafter, the loitering detection module aver-
ages these values to create an estimated loitering score. Ifthis
estimated score is greater than the threshold score, then the
loitering detection module may conclude that the person is
engaged in a random walk.

The approach of evaluating trajectories in a global perspec-
tive and a loitering perspective may further improve the accu-
racy of anomalies generated by the machine learning engine.
In one embodiment, the loitering detection module does not
generate a loitering alert unless it determines that the indi-
vidual is in a loitering state from both a global perspective and
a local perspective.

FIG. 7 illustrates an example empirical histogram in the
learning model of a loitering detection module, representing
the number of observed individuals in a scene and the amount
of time that these individuals remain in the scene, according
to one embodiment. As the behavioral recognition system
observes more people passing through the scene, the loitering
detection module updates the learning model with informa-
tion of how long each person remains in the scene. As previ-
ously disclosed, although the threshold time for when the
loitering detection module should evaluate an individual’s
trajectory may be prescribed as a matter of preference, it may
also be readjusted incrementally and adaptively by the learn-
ing model, based on a distribution such as the one illustrated.
In the histogram shown, a threshold time of seventy-five
seconds, represented by a vertical dotted line, is set so that
only the top 0.5% of counts are above the threshold.

As described, embodiments herein provide techniques for
analyzing and learning behavior based on information
streams generated from a video analytics system to detect
loitering behavior of an observed object within a series of
video frames. Advantageously, this approach does not require
a surveillance system relying on predefined patterns to iden-
tify behaviors and anomalies but instead learns patterns and
behaviors by observing a scene and generating information
on what it observes. Accordingly, the embodiments provide
techniques for loitering detection by learning patterns of
behavior consistent with loitering and generating alerts when
it observes such behavior.

While the foregoing is directed to embodiments of the
present disclosure, other and further embodiments of the dis-
closure may be devised without departing from the basic
scope thereof, and the scope thereof is determined by the
claims that follow.

What is claimed is:

1. A method for detecting loitering behavior of objects
depicted in a scene captured by a video camera, the method
comprising:

receiving a trajectory for an object in the scene, wherein the

object has been in the scene for a time period, and
wherein the trajectory tracks a two-dimensional (2D)
path of the object relative to a series of video frames in
which the object is depicted; and

upon determining that the time period that the object has

been in the scene is greater than a threshold time period
and determining that the trajectory corresponds to a



US 9,208,675 B2

15

random walk, generating a loitering alert, wherein deter-

mining whether the trajectory corresponds to a random

walk comprises:

calculating a global loitering score, wherein the global
loitering score is based on a distance between a final
point in the trajectory and a starting point in the tra-
jectory,

calculating at least one local loitering score, wherein
each local loitering score is based on a distance
between the final point and a respective intermediate
point in the trajectory,

calculating an estimated loitering score as an average of
the global loitering score and the at least one local
loitering score, and

comparing the estimated loitering score with a threshold
loitering score, wherein the trajectory corresponds to
a random walk if the estimated loitering score is
greater than the threshold loitering score.

2. The method of claim 1, wherein the object trajectory
corresponds to a random walk if D<V2N, where D is a dis-
tance from a starting point in the trajectory to a final point in
the trajectory and N is a total number of steps in the trajectory.

3. The method of claim 2, wherein distance D and steps are
determined relative to distances between a set of pixels cor-
responding to the object in the series of video frames, and
wherein the steps are determined by a centroid position of the
object in each video frame.

4. The method of claim 1, wherein the trajectory corre-
sponds to a random walk if D<V2N, and D'<2N', where D is
adistance from a starting point in the trajectory to a final point
in the trajectory, N is a total number of steps in the trajectory,
D' is a distance from an intermediate point in the trajectory to
the final point in the trajectory, and N' is the total number of
steps of the trajectory from the intermediate point to the final
point.

5. The method of claim 4, wherein distances D and D' and
steps are determined relative to distances between a set of
pixels corresponding to the object in the series of video
frames, and wherein the steps are determined by a centroid
position of the object in each video frame.

6. The method of claim 1, wherein the threshold time
period is a preset value.

7. The method of claim 1, wherein the threshold time
period is based on a distribution of lengths of time that a
plurality of objects have been in the scene.

8. The method of claim 1, wherein the distance between a
final point in the trajectory and a starting point in the trajec-
tory and the distance between the final point and each respec-
tive intermediate point is determined relative to a set of pixels
corresponding to the object in the series of video frames.

9. A non-transitory computer-readable storage medium
storing instructions, which, when executed on a processor,
performs an operation for detecting loitering behavior, the
operation comprising:

receiving a trajectory for an object in the scene, wherein the

object has been in the scene for a time period, and
wherein the trajectory tracks a two-dimensional (2D)
path of the object relative to a series of video frames in
which the object is depicted; and

upon determining that the time period that the object has

been in the scene is greater than a threshold time period
and determining that the trajectory corresponds to a
random walk, generating a loitering alert, wherein deter-
mining whether the trajectory corresponds to a random
walk comprises:
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calculating a global loitering score, wherein the global
loitering score is based on a distance between a final
point in the trajectory and a starting point in the tra-
jectory,

calculating at least one local loitering score, wherein
each local loitering score is based on a distance
between the final point and a respective intermediate
point in the trajectory,

calculating an estimated loitering score as an average of
the global loitering score and the at least one local
loitering score, and

comparing the estimated loitering score with a threshold
loitering score, wherein the trajectory corresponds to
a random walk if the estimated loitering score is
greater than the threshold loitering score.

10. The computer-readable storage medium of claim 9,
wherein the object trajectory corresponds to a random walk if
D<V2N, where D is a distance from a starting point in the
trajectory to a final point in the trajectory and N is a total
number of steps in the trajectory.

11. The computer-readable storage medium of claim 10,
wherein distance D and steps are determined relative to dis-
tances between a set of pixels corresponding to the object in
the series of video frames, and wherein the steps are deter-
mined by a centroid position of the object in each video frame.

12. The computer-readable storage medium of claim 9,
wherein the trajectory corresponds to a random walk if D<
V2N, and D'<v2NT, where D is a distance from a starting point
in the trajectory to a final point in the trajectory, N is a total
number of steps in the trajectory, D' is a distance from an
intermediate point in the trajectory to the final point in the
trajectory, and N' is the total number of steps of the trajectory
from the intermediate point to the final point.

13. The computer-readable storage medium of claim 12,
wherein distances D and D' and steps are determined relative
to distances between a set of pixels corresponding to the
object in the series of video frames, and wherein the steps are
determined by a centroid position of the object in each video
frame.

14. The computer-readable storage medium of claim 9,
wherein the threshold time period is a preset value.

15. The computer-readable storage medium of claim 9,
wherein the threshold time period is based on a distribution of
lengths of time that a plurality of objects have been in the
scene.

16. The computer-readable storage medium of claim 9,
wherein the distance between a final point in the trajectory
and a starting point in the trajectory and the distance between
the final point and each respective intermediate point is deter-
mined relative to a set of pixels corresponding to the object in
a series of video frames.

17. A system comprising:

a processor; and

amemory hosting an application, which, when executed on

the processor, performs an operation for detecting loi-

tering behavior, the operation comprising:

receiving a trajectory for an object in the scene, wherein
the object has been in the scene for a time period, and
wherein the trajectory tracks a two-dimensional (2D)
path of the object relative to a series of video frames in
which the object is depicted, and

upon determining that the time period that the object has
been in the scene is greater than a threshold time
period and determining that the trajectory corre-
sponds to a random walk, generating a loitering alert,
wherein determining whether the trajectory corre-
sponds to a random walk comprises:
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calculating a global loitering score, wherein the glo-
bal loitering score is based on a distance between a
final point in the trajectory and a starting point in
the trajectory;
calculating at least one local loitering score, wherein
each local loitering score is based on a distance
between the final point and a respective intermedi-
ate point in the trajectory;
calculating an estimated loitering score as an average
of the global loitering score and the at least one
local loitering score; and
comparing the estimated loitering score with a thresh-
old loitering score, wherein the trajectory corre-
sponds to a random walk if the estimated loitering
score is greater than the threshold loitering score.
18. The system of claim 17, wherein the object trajectory
corresponds to a random walk if D<V2N, where D is a dis-
tance from a starting point in the trajectory to a final point in
the trajectory and N is a total number of steps in the trajectory.
19. The system of claim 18, wherein distance D and steps
are determined relative to distances between a set of pixels
corresponding to the object in the series of video frames, and
wherein the steps are determined by a centroid position of the
object in each video frame.
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20. The system of claim 17, wherein the trajectory corre-
sponds to a random walk if D<V2N, and D40 <v2N', where D
is a distance from a starting point in the trajectory to a final
point in the trajectory, N is a total number of steps in the
trajectory, D' is a distance from an intermediate point in the
trajectory to the final point in the trajectory, and N' is the total
number of steps of the trajectory from the intermediate point
to the final point.

21. The system of claim 20, wherein distances D and D' and
steps are determined relative to distances between a set of
pixels corresponding to the object in the series of video
frames, and wherein the steps are determined by a centroid
position of the object in each video frame.

22. The system of claim 17, wherein the threshold time
period is a preset value.

23. The system of claim 17, wherein the threshold time
period is based on a distribution of lengths of time that a
plurality of objects have been in the scene.

24. The system of claim 17 wherein the distance between a
final point in the trajectory and a starting point in the trajec-
tory and the distance between the final point and each respec-
tive intermediate point is determined relative to a set of pixels
corresponding to the object in a series of video frames.
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